Activity-travel behavior research has hitherto focused on the modeling and understanding of daily time use and activity patterns and resulting travel demand. In this particular paper, an analysis and modeling of weekly activity-travel behavior is presented using a unique multi-week activity-travel behavior data set collected in and around Zurich, Switzerland. The paper focuses on six categories of discretionary activity participation with a view to understand the inter-personal and intrapersonal variability in weekly activity engagement at a detailed level. The analysis is motivated by the need to understand discretionary activity engagement on a broader time scale than the typical one-day analysis that pervades the activity-travel behavior literature. A panel version of the Mixed Multiple Discrete Continuous Extreme Value model (MMDCEV) that explicitly accounts for the panel nature of the multi-week activity-travel behavior data set is developed and estimated on the data set. The analysis suggests the high prevalence of intra-personal variability in discretionary activity engagement over a multi-week period along with inter-personal variability that is typically considered in activity-travel modeling. In addition, the panel MMDCEV model helped identify the observed socio-economic factors and unobserved individual specific factors that contribute to variability in multi-week discretionary activity participation.
during the weekend; I will go to the gym on Tuesday and Thursday; etc.) . In other words, for discretionary activity participation, it is very likely that simple one-day or even multi-day data sets do not capture the range of choices that people are exercising with respect to their activity engagement. On the other hand, modeling activity-travel participation on a weekly basis provides the foundation for understanding trade-offs in activity-travel engagement over a much more appropriate period of time.
From a methodological perspective, this paper makes an important contribution by presenting a methodology that can accommodate three aspects of modeling multi-week discretionary activity-travel participation. First, the methodology accounts for the panel nature of the multi-week data set, i.e., repeated observations of activity-travel behavior from the same individuals. Second, the methodology accounts for participation in multiple activity types (as opposed to focusing on a single activity type such as shopping) during the multi-week period and considers this as a multiple discrete event (choosing multiple discretionary activities). Third, the methodology integrates time use explicitly in the modeling framework by considering the time spent at the discretionary activities (thus the continuous component of the behavioral phenomenon under investigation). To this end, this paper presents a panel Mixed Multiple Discrete Continuous Extreme Value (panel MMDCEV) model that not only accounts for the three aspects just mentioned, but also allows one to identify both observed and unobserved factors influencing activity-travel engagement over a multi-week period. This constitutes an extension of the generalized MDCEV model that Bhat has developed and refined over the years (see Bhat, 2005 and Bhat, 2007 for a detailed review and presentation of this model). One of the very appealing aspects of this model (which is directly relevant to this study) is its incorporation of the notion of satiation or diminishing marginal utility, i.e., the additional utility gained from continued participation in a discretionary activity diminishes as the level of participation in the activity increases. This paper entails the use of a unique 12-week leisure activity-travel behavior data set administered in the Zurich region from January to June 2002. A sample of 71 individuals responded to the survey, providing a total of 852 weekly activity time-use observations (71 x 12 = 852). First, an analysis of variance (ANOVA) is conducted to quantify the extent of intra-personal and inter-personal variation in discretionary activity-travel participation over a multi-week period. Then, a panel MMDCEV model is estimated and presented to identify the observed and unobserved factors contributing to weekly discretionary activity-travel participation. The paper ends with a concluding section highlighting key findings and directions for future research.
DATA
The data set for this paper is derived from the Twelve Week Leisure Travel Survey designed and administered by the Institut für Verkehrsplanung und Transportsysteme, ETH Zürich for the German Ministry of Research. The data were collected from January 15th to May 30 th 2002 in 3 different waves; the first wave was administered on January 15, the second was administered three weeks later, and the last wave was administered six weeks later. Individuals in each wave reported their behavior for 12 consecutive weeks. The interviewees were selected from the telephone book based on place of residence (one third each in Zurich, Männedorf and Opfikon) and household size (one third each in 1, 2, 2+ households).
The survey collected information on out-of-home discretionary activity episodes undertaken by 71 individuals (29 in Zurich, 20 in Opfikon, and 23 in Männedorf) . The information collected on activity episodes included the activity type/purpose (coded into a 31-category classification system), start and end times of activity participation, day of the year, with whom the episode was pursued, expenditure on activity, and the geographic location of activity participation (including the number of visits before the current episode). Travel episodes were characterized only by the mode used (to and from the destination). Furthermore, data on individual and household sociodemographics, individual employment-related characteristics, household auto ownership, fixed commitments, mobility information and tools, parking, social networks and accessibility measures were also obtained. Altogether, the respondents reported 5561 discretionary activities on 5936 days, which is about one discretionary activity per day, consistent with other surveys on travel behavior. Additional details about the data and survey administration can be found in Stauffacher et al. (2005) .
The 31 types of out-of-home (OH) discretionary activity episodes were aggregated into six broad activity purposes in this study. Table 1 shows the activity classification (i.e., the mapping from 31 disaggregate activity types to 6 aggregate activity categories) and the corresponding frequency distribution (number of episodes for each activity and percentage of episodes). The most representative activity for each activity category is highlighted in bold. The following are the basis for the activity classifications:
1. Social: Activities that usually involve (or are performed with) other people and that are "social" in nature. 2. Meals: Eat out of home in restaurants, pub, etc. 3. Sports: Physically active sports. 4. Cultural 1 : Activities related to the arts and events/shows, including sports shows. 5. Leisure: Pastime or enjoyable activity. 6. Personal Business: Personal business and maintenance activities reported by the respondents as performed at their own discretion in their leisure time. The total amount of weekly time spent in each of the 6 activity purposes was computed for the weekly MMDCEV analysis. Along with the time spent in each of the above mentioned 6 OH discretionary activities, the time spent in 'other' activity purposes was computed by subtracting the weekly amount of time spent in OH discretionary activities, the weekly work hours and the weekly sleep duration (assumed to be 7 hours a day) from the total weekly time budget (60 x 24 x 7 minutes). The final sample for analysis includes the weekly activity time allocation information for 12 weeks for each of the 71 individuals in the data (i.e., a total of 852 weekly time allocation observations).
MODELING METHODOLOGY
In this paper, a mixed multiple discrete-continuous extreme value (MMDCEV) model is formulated to analyze weekly time-investment among the following seven activity purposes: (1) OH social (2) OH meals (3) OH sports 4) OH cultural (5) OH leisure (6) OH personal business and (7) Other 2 .
The model formulation accommodates heterogeneity (i.e., differences in behaviour) across individuals due to both observed and unobserved individual attributes. In addition, the model formulation also considers individual-specific unobserved attributes that may make an individual more (or less) pre-disposed towards specific groups of activity types. The unobserved individual specific attributes may include attitudinal factors and life style preferences such as healthconsciousness, laid-back life style, active life style, and socially oriented nature. Consider for example, an individual who maintains a physically active life style and who is a sports enthusiast. This individual is likely to associate higher than average utility (in her/his observationally identical peer group) for OH sporting activities and OH sport shows (a sub-category in the cultural activity type). Similarly, an individual who is more socially oriented and more out-of-home oriented than the individuals in her/his observationally identical peer group is likely to associate higher utility for OH social and OH meal activities. The net result of such unobserved individual factors is an increase in the sensitivity towards the aforementioned groups of activities (the OH sports and OH cultural group, and the OH social and OH meal group, respectively). Econometrically speaking, there may be common unobserved factors that affect the utility of groups of activity types to generate correlations across the random utility terms (or error terms) of the alternatives in those groups.
It is important to note that the alternative error term correlation structure (as well as unobserved heterogeneity) in this case operates at the individual level and not at the choice occasion level. Consequently, and since the data used for the current analysis consists of multiple choice occasions from the same individual, one can not use the cross-sectional multiple discretecontinuous generalized extreme value (MDCGEV) structure proposed by Bhat (2007) . A "panel" mixed multiple discrete-continuous extreme value (MMDCEV) model is an appropriate structure to capture the above discussed individual level heterogeneity and individual level alternative error term correlation patterns in the repeated choice data used in the current analysis.
In the following presentation of the model structure, the index q (q = 1, 2, …, Q) is used to denote individuals, t (t = 1,2,…,T q ) for weekly choice occasion, and k (k = 1, 2, …, K) for activity purpose. Let 
In the above utility function, ( ) ). Thus, the qtk ψ terms (k=1,2,…K) control the discrete choice participation decision in the inside alternatives (k=2,3,…K) for individual q at choice occasion t (the specification in Equation (1) guarantees some amount of participation in alternative 1, as discussed in Bhat, 2007) . The qtk ψ term will be referred to as individual q's baseline preference for alternative k (k=1,2,…K) at choice occasion t. The term k  ( k  >0) is a translation parameter that serves to allow corner solutions (zero consumption) for the "inside" alternatives k = 2, 3,…K. 5 Further, in combination with the logarithmic functional form, it also serves to allow differential satiation 3 All individuals in the sample participate for some non-zero amount of time in 'other' activities, and hence this alternative (i.e., alternative 1) constitutes the "outside good" that is always consumed (see Bhat, 2007 for details). The rest of the (K-1) alternatives correspond to OH discretionary activities. Thus the first element of x qt should always be positive, while the second through K th elements of x qt can either be zero or some positive value. Whether or not a specific x qtk value (k =2,3,…,K) is zero constitutes the discrete choice component, while the magnitude of each non-zero x qtk value constitutes the continuous choice component. In this paper, the terms "time investments" and "time use" are used interchangeably to refer to these discrete-continuous x qtk values. 4 Some other utility function forms were also considered, but the one specified here provided the best data fit while allowing for estimation of all the parameters without any identification problems. For conciseness, these alternative forms are not discussed. The reader is referred to Bhat (2007) for a detailed discussion of alternative utility forms. The reader will also note the implicit assumption in the formulation that there is utility gained from investing time in OH discretionary activities. This is a reasonable assumption since individuals have the choice not to participate in such activities. Also the reader will note that the inclusion of the IH and OH maintenance and IH discretionary activities as the "outside good" (the first alternative) allows the analyst to endogenously estimate the total amount of time invested in OH discretionary pursuits. 5 The constraints that γ k > 0 (k= 2,3,…,K) are maintained through appropriate parameterizations (see Bhat, 2007) . Also, the γ parameters are subscripted only by activity purpose k (unlike the ψ parameters that are subscripted by q, t, and k) because specification tests in our empirical analysis did not show statistically significant variation in these parameters based on individual specific or time-specific observed/unobserved characteristics. effects across these inside alternatives, with values of k  closer to zero implying higher satiation (or lower time investment) for a given level of baseline preference (see Bhat, 2007 for details). There is no 1  term for the first alternative in Equation (1) because it is always consumed and precludes a corner solution (i.e., zero consumption) for the first alternative. However, satiation effects in the consumption of this first alternative are captured through the logarithmic functional form (so that marginal utility decreases with increasing time investment). To complete the model specification, the baseline parameter for alternative 1 is expressed as:
and that for other alternatives (k = 2, 3, …K) as:
(3) In the baseline parameter expression for alternative 1 in Equation (2) (i.e., outside alternative), the term 1 qt  represents an idiosyncratic term assumed to be identically and independently standard type I extreme-value distributed across individuals and choice occasions, as well as independent of the terms in the baseline parameter expression for other alternatives. The terms in the baseline parameter expression for the inside alternatives in Equation (3)  as the unobserved covariance-based inter-individual heterogeneity)The fifth term qtk  is an idiosyncratic choice-occasion specific term for individual q and alternative k, assumed to be identically and independently standard type I extreme-value distributed across individuals, alternatives (activity purposes), and choice occasions. The variance of this standardized error term captures unobserved intra-individual heterogeneity (i.e., variation across choice occasions of individual q) in the baseline preference for alternative k. 6 The reader will note here that the q  and q  vectors, which are realizations of the  and  vectors for individual q, take the same value for all observations (or choice occasions) of a given individual. This generates correlations across the choice occasions of a given individual. Thus, individuals who may be predisposed to participate in OH social activity due to unobserved personality traits will show this predisposition across all her/his choice occasions.
For given values of q  and q  , the probability of the observed time investments (or, in view of the analyst, the optimal time investments) *
of individual q at choice occasion t is given by (Bhat, 2007) :
qt M = the number of alternatives chosen by individual q at choice occasion t,
6 Multiple discrete-continuous extreme value models (whether MDCEV or MMDCEV) require identification restrictions analogous to single discrete choice (i.e., multinomial logit, whether mixed or not) models, because the probability expression for the observed optimal time investments is completely characterized by the (K-1) utility differences (Bhat, 2007) . Thus, the MMDCEV model requires the usual location normalization of one of the alternative-specific constants/variables to zero (this is the reason for the absence of a θ 1 term and a β´z 1 term in Equation 1). Further, as with the current context, when there is no price variation across alternatives, the scale of the utility is normalized by standardizing the type I extreme-value distributed error terms ε qtk (Bhat, 2007) . While one can, subject to some identification considerations, allow the choice-occasion specific error terms ε qtk to have different variances across alternatives, and allow choice-specific covariances across alternatives, we assume that these error terms are identically and independently distributed. Also, the reader will note that appropriate identification restrictions need to be imposed on the third and fourth components of the utility components in the main text above. These two components generate the individual-level variance-covariance matrix of the overall individual-level error terms affecting the logarithm of the alternative-specific baseline preferences. The identification conditions can be derived in a straightforward manner by examining the variance-covariance matrix of the implied error term differences in a manner similar to that for a crosssectional model (see Bhat, 2007) . In our empirical specification, we apply restrictions on the individual-level variancecovariance matrix that are more than sufficient for identification. We should also note here that we considered individual-level unobserved heterogeneity for the outside alternative (i.e., the first alternative), which can indeed be estimated in a panel setting. However, this term did not turn out to be statistically significantly different from zero, and so we did not introduce unobserved inter-individual heterogeneity terms in Equation (2) for the outside alternative. 
Model Estimation
The unconditional likelihood function for individual q's observed set of choices is:
The log-likelihood function is:
where F is the multivariate cumulative normal distribution. The reader will note that the dimensionality of the integration in the above expression depends on the number of elements in  and  . Simulation techniques are applied to approximate the multidimensional integral in Equation (7), and the resulting simulated log-likelihood function is maximized. Specifically, the scrambled Halton sequence (see Bhat, 2003 ) is used to draw realizations from the population normal distribution. In the current paper, the sensitivity of parameter estimates was tested with different numbers of scrambled Halton draws per observation, and results were found to be stable with as few as 100 draws. In this analysis, 125 draws per observation was used in the estimation. Table 2 shows the descriptive statistics of the sociodemographic characteristics of the sample of 71 individuals used for MMDCEV estimations. The sample is almost evenly split between males and females and across three age groups. Most respondents are married or cohabitating and have an education level that is lower than the university graduate level. About 70 percent of the respondents are employed and 17 percent are homemakers. More than one-half of those employed indicate that they do not have flexible work times. The average number of hours worked per week is about 31.2 hours. Nearly one-half of the sample falls within the middle income range of between $2400 and $6000 per month. About 75 percent of the respondents report having no child in the household. Nearly two-thirds of the sample report that they can reach more than four maintenance activity locations within 10 minutes, indicating a rather high degree of activity opportunity accessibility for this sample. About 40 percent of respondents are from Zurich. Table 3 presents an overall profile of discretionary activity participation and duration for the sample of observations. If one were to consider the 852 weekly observations (recall 71 x 12 = 852), then one can determine the percent of weeks in which at least one activity episode of a certain type occurred. For example, at least one social activity was pursued in 64 percent of the 852 weeks covered by the sample (see the first numerical cell in Table 3 ). On the other hand, cultural and personal business activities were pursued in only about 35 percent of the weeks. Similar to social activities, leisure activities were pursued in more than 60 percent of the weeks covered by the sample. Average activity durations are computed both for the entire 852 weekly observations and for the set of observations in which the activity occurred at least once (i.e., eliminating zero observations). The column "All" refers to the entire sample of 852 observations, while the column "Specific" refers to the average calculated over the non-zero observations. It is found that average weekly time spent tends to be highest for social and leisure activities at about 5 hours per week (across the entire sample) and 8 hours per week (for the set of observations where the activity occurred). Overall, 93 percent of the week observations contained at least one of the OH discretionary activities and the average time allocation per week is about 1100 minutes (~18 hours) for all OH discretionary activities. Recall that the "other" category is considered to be the "outside" good and is consumed by everybody.
DESCRIPTIVE ANALYSIS OF MULTI-WEEK DATA
Following this preliminary descriptive analysis of the sample, an analysis of variance (ANOVA) was performed to analyze and compare inter-individual variation in weekly activity participation against intra-individual variation. The total variance in the data set may be considered to be comprised of these two parts -the variation between individuals and the variation within individuals from one week to the next. Two different measures of activity time use were used to analyze variance in activity time use patterns -the weekly activity duration and the weekly activity participation. The activity duration variance-analysis was performed both for the "All" sample and for the "Specific" sample identified in Table 3 . The results of the ANOVA are reported in Table 4 . Table 4 shows the total, inter-individual, and intra-individual variance for weekly activity durations and participation for the "All" sample, and the total, inter-individual, and intra-individual variance in weekly activity duration for the "Specific" Sample. It is found that the social and leisure activities exhibit the highest level of inter-, intra-, and total variance, followed by the meals activity. This is consistent with expectations as one would indeed expect the highest level of variance to be associated with the most discretionary-type activities. The differences in variance across activity categories are less pronounced when one considers activity participation rates. In other words, it appears that activity participation (whether or not an activity is pursued) may be more stable or uniform both across individuals and within individuals; what varies more is the amount of time that is allocated to activity engagement -both between individuals and within individuals. Figure 1 presents the same information in a format that allows a clear analysis of the relative magnitudes of inter-individual and intra-individual (week-to-week) variance. The dark bar shows the ratio of intra-individual variance to total variance while the lighter bar shows the ratio of interindividual variance to total variance. It is interesting to note that, for all activities, the intraindividual (or within-individual) variance is greater than the inter-individual variance. This phenomenon is observed regardless of whether one considers activity participation or activity duration. The lone exception is the case of cultural activities in the context of activity duration where the intra-and inter-individual variances are nearly identical. This figure clearly highlights the importance of collecting multi-period data; with single-day data, one is missing a large proportion of the total variance in activity engagement patterns in the population. Intra-individual variance appears to be largest for social activities. The highest level of inter-individual variation is seen in sports activity participation, indicating the higher level of variation between individuals when it comes to participating in sports. These results offer initial insights into what might be expected from the MMDCEV model results. For example, it is expected that the standard deviation term of the error component corresponding to the sports activity category will be higher than that of other activity categories.
MODEL ESTIMATION RESULTS
This section first presents the baseline preference and satiation estimates, then the unobserved heterogeneity estimates, and finally the likelihood-based measures of fit.
Baseline Preference and Satiation Parameter Estimates
Several different model specifications were estimated and the final panel MMDCEV model is presented in Table 5 . This section presents a discussion on the estimation results and the key findings from the model. In the results shown in Table 5 , the "Other" activity category is the "base" alternative in the model specification. A blank space under a particular activity category for a particular variable implies that this variable is omitted from the utility specification.
The baseline preference constants (first row in the table) capture generic tendencies to participate in each OH discretionary activity purpose category. It is to be noted that there are only dummy independent variables in the specification, and thus the baseline preference constants reflect overall alternative preferences for the base population segment defined by the combination of the base categories across the dummy exogenous variables. All of the baseline preference constants for the out-of-home discretionary activities are negative, indicating the overall higher participation levels in the "Other" activity category (which is the base alternative in the model specification). This result is consistent with expectations because all of the individuals in the sample participate in this "other" activity category.
From the model estimation results, it can also be observed that males are likely to associate a higher baseline preference for cultural activities, presumably due, in part, to the inclusion of sports events (spectator sports) in this activity category. On the other hand, married individuals or those in a cohabiting arrangement are less likely to pursue cultural activities, possibly due to other household obligations and activities. Employed individuals are more likely to pursue social activities, but less likely to pursue leisure activities. Employed individuals are possibly more constrained than unemployed individuals, thus leading to a lower propensity to pursue leisure activities. Homemakers appear to be bearing a greater share of household responsibilities as evidenced by the higher propensity to pursue personal business activities, but lower propensity to pursue social and meal activities. Higher educated individuals are likely to eat-out more; this may be due to the fact that such individuals are too busy (due to work obligations) to prepare and eat meals at home and may also have the disposable income necessary to indulge in eat-meal activities outside home. Their work related obligations, however, limit their ability to pursue social, sport, and personal business activities. As expected, higher levels of accessibility to service establishments positively impacts engaging in out of home meal activities. The presence of a dog (pet) is positively associated with the pursuit of leisure activities.
Age is found to be a significant factor affecting out-of-home discretionary activity engagement. Those in the age groups 16-35 years and 36-55 years show a higher propensity than those older than 55 years to undertake meal and sport related activities. However, those in the 16-35 year age bracket show a lower propensity to engage in leisure activities while those in the 36-55 year age bracket show a lower propensity to engage in personal business activities. Further investigation is warranted to fully understand the reasons behind these findings. Those in the middle income range show a higher propensity than those in the low or high income categories to engage in sport and cultural activities. Flexible work hours is positively associated with meal activities, but is not found to significantly impact other activity engagement. It appears that flexibility in work schedules does not necessarily provide the ability to undertake discretionary activities (except for eat meal); this suggests that it is the actual number of hours worked (constrained at work) that affects discretionary activity engagement. The propensity to engage in meal and leisure activities decreases with the increase in the number of children. The higher level of household and child obligations associated with the presence of children may be contributing to this finding. Finally, individuals residing in Zurich have a higher baseline preference for personal business than those residing in Männedorf and Opfikon.
The values of translation parameters " k
 " indicate the differences in the satiation effects (along with allowing for corner solutions or zero activity durations) among the different activity types, with a value closer to zero indicating a higher satiation effect (and a potentially lower activity duration). The higher values of k  for social and cultural activities indicate lower satiation effects in those activities, when compared to other activities. Further, as expected, the highest satiation effect is associated with sports activity. These results (i.e., the order of satiation effects or the activity durations among the different activity types) are not completely in agreement with the results from the descriptive analysis of average weekly activity durations (see Table 3 ), and thus highlight the importance of capturing satiation effects in an appropriate manner (say, using an MMDCEV model formulation such as that adopted here) in order to avoid any potential misinterpretations that could be made from simple descriptive analysis.
Unobserved Heterogeneity Results
As discussed in the section on modeling methodology, the model system used in this paper accommodates (a) Variations in baseline preference due to unobserved individual-specific factors, (b) Covariation in the baseline preference of different activity purposes generated by unobserved individual-specific factors, and (c) Variations in baseline preference due to unobserved intraindividual factors. In the next section, we discuss the first two elements listed above. We do not discuss the third component here because the unobserved intra-individual error terms are standardized with a variance of one in this paper. In the subsequent section, the explanatory variable effects, the unobserved inter-individual heterogeneity effects, and the unobserved intra-individual heterogeneity effects are brought together to provide an interpretation of the fraction of inter-and intra-individual variation in the baseline preference of each discretionary activity alternative.
Unobserved Inter-Individual Heterogeneity and Covariance Among Baseline Preferences
The unobserved pure variance inter-individual heterogeneity terms (corresponding to the ' q k s  terms in the modeling methodology section) are all highly significant from a statistical standpoint (see the last but one row of Table 5 ). This indicates substantial variation across individuals in the overall preference for each of the out of home discretionary activity type categories. In particular the highest value (with a high t-statistic) of the standard deviation of the sport activities indicates the presence of a wide variation (across individuals) in intrinsic preference for participation in sports. This result is consistent with the highest inter-personal variation in sports activity participation found in the ANOVA analysis (see Figure 1) .
The standard deviation of the error terms that capture correlation in individual-specific unobserved factors (corresponding to the ' q k w  terms) affecting the utility equations are shown in last row of Table 5 (several other identifiable error component specifications to generate covariance across the baseline preferences of alternatives were also attempted, but were not statistically significant). The results indicate that individuals having a higher (or lower) than normal propensity (i.e., the average propensity in the observationally identical peer group of individuals) to participate in social activities are also likely to have a higher (or lower) than normal propensity to participate in meal activities. The same holds for the propensity to participate in sport and cultural activities or in leisure and personal business activities. These significant error correlations may be explained from a behavioral perspective considering unobserved factors that are not accounted for by observed socio-economic variables. The significant error correlation between social and meals utilities may be due to the inherent tendency to be a social or outgoing person (or not), meeting with friends in social settings such as at restaurants and pubs. Similarly, the significant error correlation between sports and cultural activity utilities may be attributed to the inherent interest in participating in and watching sports events (note that cultural activities includes sporting events). Finally, the significant error correlation between leisure and personal business activity utilities may be due to the inherent possibility and opportunity to easily link leisure activities (such as going for a walk or window shopping) together with personal business activities (running simple errands). Overall, the model estimation results and the interpretations that one can draw from the results are quite intuitively appealing and demonstrate the ability of the panel MMDCEV model to capture the range of observed and unobserved effects influencing multiple discretionary activity participation.
The discussion above indicate the presence of heterogeneity, but does not provide an intuitive sense of the magnitude of the different sources of unobserved heterogeneity and the effect of observed inter-individual heterogeneity (i.e., the effect of explanatory variables as captured in ' qk z  ; see the modeling methodology section earlier). The next section translates the statistical estimates into more intuitive measures.
Variance Components of Baseline Preferences
The observed inter-individual heterogeneity effects, and the variances of the unobserved heterogeneity terms, provide important information regarding the fraction of variation in the baseline preference explained by observed variables and by unobserved factors. To see this, consider Equation (3) for the inside goods and take the logarithm of both sides of the equation to yield the following equation:
Then, the variance across weekly choice episodes of the (log) baseline preference for purpose k can be partitioned as follows (using the notation already presented in the section on the modeling methodology):
where ) ( qk z Var   represents the variance due to observed inter-individual heterogeneity,
represents unobserved inter-individual heterogeneity, and 6 2  represents unobserved intra-individual heterogeneity (this is the variance of the qtk  term).
The percentage of variation in the logarithm of baseline preference explained by each of the different variance components can be computed from the estimates of β and the estimated variance of the error components. These percentages are presented in Table 6 for the discretionary activity purposes. The percentage of variation captured by observed and unobserved factors is indicated first. Next, within unobserved heterogeneity, the percentage of variation captured by intra-and inter-individual heterogeneity is presented in italics. Thus, the number associated with interindividual unobserved heterogeneity in Table 6 indicates the percentage of total unobserved heterogeneity captured by inter-individual heterogeneity. Several important observations may be drawn from this table. First, there are quite substantial differences in our ability to explain the baseline preference across activity purposes, as can be observed from the numbers in bold (first two rows) of Table 6 . The best prediction ability is for meals and sports, and the poorest is for time-use in leisure, personal business and social activities. The former set of activity types is more welldefined, while the latter set has more ambiguity in what kinds of activities are included. This may be contributing to the result just identified. Second, there are also substantial variations across purposes in the percentage of total unobserved heterogeneity captured by inter-individual variation and intra-individual variation. The unobserved variation in the baseline preference across weeks of the same individual is higher than the unobserved variation in the baseline preference across individuals for all activity purposes except "sports". This implies that there is quite substantial variation in participation and time investments in the discretionary activity purposes of an individual from one week to the next. This is particularly so for the social activity purpose. Third, the magnitude of both inter-individual and intra-individual unobserved heterogeneity is sizable for all activity purposes. This reinforces the need to collect multiweek data that can estimate and disentangle these two sources of unobserved heterogeneity, thus allowing the accurate and reliable estimation of explanatory variable effects. Fourth, the results regarding the baseline preference are consistent with the results in the ANOVA analysis (see Figure 1 ).
Likelihood-Based Measures of Fit
The log-likelihood value for the cross-sectional MDCEV model at constants (i.e., with no observed socio-demographic variables and no error components) is -20,747.82, and that for the crosssectional MDCEV model with observed socio-demographic variable effects (but no error components) is -20,462.825. The log-likelihood ratio index for testing the impact of observed socio-economic variables is 569.99, which is larger than the critical  2 value with 25 degrees of freedom (corresponding to the observed variables) at a level of significance greater than 99.9%. This indicates the significant impact of observed socio-demographic and accessibility variables on weekly OH discretionary activity time-use behavior. Further, the log-likelihood value at convergence for the "panel" MMDCEV model (with the error components) is -20,106.35. The likelihood ratio index for testing the presence of heterogeneity and alternative utility correlations due to individual-specific unobserved factors is 712.95, which is larger than the critical  2 value with 9 degrees of freedom (corresponding to all of the error components in the MMDCEV model) at a level of significance greater than 99.9%. This indicates the presence of significant individualspecific unobserved factors that impact activity participation and duration decisions (and the need to capture the "panel" effects), as well as common individual-specific unobserved factors that may increase (or decrease) the sensitivity towards groups of activities. Thus it is important to treat the multi-week data of the current context as "panel" data and capture the effect of individual-specific unobserved factors.
CONCLUSIONS
It is increasingly realized in activity-travel behavior research that one needs to consider a longer period than a single day to capture the range of activity engagement patterns pursued by individuals. Many discretionary activities are undertaken only on an occasional basis and there may be significant day-to-day and week-to-week variability and tradeoffs associated with such activity engagement. While there have been some attempts at examining activity-travel behavior on a multi-day or weekly basis, such attempts have generally been limited to analyzing the extent of variability in activity-travel patterns and have rarely considered activity participation and durations for multiple activity categories simultaneously. This paper presents a detailed multi-week analysis and model of discretionary activity participation using a 12-week leisure activity-travel survey administered to a sample of 71 individuals in the Zurich region of Switzerland and sheds considerable light on the nature of discretionary activity engagement over a multi-week period.
This paper makes key contributions on multiple fronts. First, the paper presents a panel version of the Mixed Multiple Discrete Continuous Extreme Value (MMDCEV) model that is capable of simultaneously accounting for repeated observations from the same individuals (panel), participation in multiple activities in a week (Multiple Discrete), durations of activity engagement in various activity categories (Continuous), and unobserved individual-specific factors affecting discretionary activity engagement (Mixed) including those common across pairs of activity category utilities. To our knowledge, this is the first formulation and application of a panel MMDCEV structure in the econometric literature. The resulting model is estimated using a simulated maximum likelihood method.
The results of estimating the model system on the data set yielded intuitively meaningful interpretations and demonstrated the importance of simultaneously accounting for all of these aspects of behavior. It was found that observed socio-economic variables, unobserved individualspecific factors, and unobserved within-individual (or intra-individual) factors significantly affected participation in discretionary activities. In addition, the panel MMDCEV model allowed us to quantify and assess the relative magnitudes of these various elements in discretionary activity engagement. The analysis revealed that intra-individual variance is greater than inter-individual variance in discretionary activity participation for virtually all activity categories suggesting the importance of collecting and analyzing multi-period activity-travel data, particularly in the context of discretionary activity participation. The greatest inter-individual variance occurred in sports activity participation.
In summary, activity-travel behavior models that purport to capture discretionary activity participation using a single-day travel behavior data set are likely to be missing key aspects of behavior and misrepresenting the true nature of engagement in such activities. Thus, consistent with previous literature on multi-period travel behavior analysis, this paper also points to the need to collect and analyze longitudinal data, particularly for modeling discretionary activity participation. In light of the considerable burden associated with collecting multi-period (week) data from the same respondents, careful attention needs to be paid to the design and administration of surveys that are capable of collecting such information over a longer period of time while minimizing respondent burden. The sample size in the survey data set used in this study is quite small (71 individuals) and it would be preferable to have large sample data sets in the future that offer the richness of information found in multi-period data. In this context, serious consideration should be given to the use of new technologies (cell phone with integrated GPS capabilities) for collecting this type of information. These methods have the potential to collect large amounts of data while minimizing respondent burden.
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